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Rice is a staple food for billions of people, and rice production will need to grow with global 
populations. One potential solution to decrease the environmental impacts associated with rice 
production is alternate wetting and drying (AWD) management which, as opposed to sustained flooding, 
allows a reduction of water use and methane emissions. Studies into AWD have shown that yield levels 
may be conserved when using this practice, which would be necessary for widespread implementation. 
Modeling AWD management changes successfully would help to determine where and to what extent 
this practice may be effective in the US. The management and yield data from a recent AWD study in 
Lonoke County, Arkansas was used to simulate rice production with the Agricultural 
Policy/Environmental eXtender (APEX) model. The model was calibrated and evaluated for its sensitivity 
in detecting changes in yield between typical delayed flood management and AWD. It was determined 
that the APEX model was able to simulate yields accurately after calibration (1.54% error) but the model 
did not accurately depict the differences in AWD and delayed flood management. Because simulated 
yields were highly impacted by days of water stress, the model may be able to accurately simulate 






Rice is a staple food of over half of the world’s population (IRRI, 2013) and global milled rice 
production in the 2017-2018 growing season was estimated at 495.5 million metric tons by the USDA 
(FAS, 2019b).  Arkansas is the largest rice producing state in the US and the US is one of the top five rice 
exporting nations (FAS, 2019a; J Hardke, 2018; IRRI, 2013). Improving the sustainability of rice 
production through increased yield and resource use efficiency is important as the world population 
continues to grow. Major sustainability issues of rice production include inefficient use of water 
resources and methane emissions from flooded rice fields (Nalley, Linquist, Kovacs, & Anders, 2015; 
Nguyen & Ferrero, 2006). Rice production contributes 11% of global anthropogenic methane emissions 
(Ciais et al., 2014). 
Production systems vary widely across geographic regions – rice fields are either flooded or upland 
and rice may be double cropped in a year or rotated with different crops (Nguyen & Ferrero, 2006). Rice 
grown in the US is typically flooded for most of the growing season and may be rotated with soybean 
(Linquist et al., 2018). Additionally, rice production systems in the US are usually large farms with high 
levels of technology and fossil fuel use (IRRI, 2013). The rice varieties grown are determined based on 
water availability, solar availability, market price, and temperature in a region. Site specific management 
requirements are based on land grade, wind pressure, soil texture and nutrient availability (IRRI, 2013). 
A farmer’s knowledge of site specific management requirements to efficiently deliver nutrients, water, 
and pest control are important for increasing productivity and sustainability.  
In Arkansas, rice is typically dry-seeded and delayed flooded at the five-leaf stage and then a flood 
depth of 5-10 cm is maintained until about two weeks before harvest (Henry et al., 2016). One practice 
that has been gaining attention for its ability to reduce water use and methane emissions is the practice 
of alternate wetting and drying (AWD), in which water levels are allowed to recede below the soil 
surface during the growing season (Nalley et al., 2015). Overall methane emissions are reduced because 
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the anaerobic soil conditions are interrupted (Runkle et al., 2019). One concern with AWD is that the 
drying and rewetting process will release higher levels of 𝑁2𝑂, another greenhouse gas. However, 
studies in Asia and Arkansas have shown that overall global warming potential decreases with AWD 
because the methane savings offset the  𝑁2𝑂 emissions (Linquist et al., 2015; Wassmann et al., 2000).  
As global populations rise along with demand for food, shifts in the sustainability of agricultural 
production must also be evaluated to ensure that yields do not decrease and greenhouse gas emissions 
do not rise. Trials of AWD rice production have been conducted in Arkansas and findings report that 
yield may not be adversely affected under moderate use of this practice (Linquist et al., 2015). Another 
concern in the viability in AWD is the increased weed pressure that may be introduced if the fields are 
not flooded (Nalley, Anders, Kovacs, & Linquist, 2014). This is often managed by delaying dry-down 
periods until the plant canopy is closed, which hinders development of weeds. 
Modeling software can be used to make recommendations for changes in site-specific management 
techniques like AWD because they can be calibrated and validated using observed data. This research 
models a rice farm in Arkansas using the Agricultural Policy/Environmental eXtender (APEX) model to 
evaluate the sensitivity in detecting changes in yield between no-till systems of delayed flood and AWD.  
2. Literature Review 
2.1 Rice Models: Process-based and Statistical 
Many researchers have used models to understand the potential impacts of climate change on 
rice yield and to evaluate impacts of conservation agriculture practices (Gautam, Mbonimpa, Kumar, 
Bonta, & Lal, 2015; Krishnan, Swain, Bhaskar, Nayak, & Dash, 2007; Le, Jha, et al., 2018; Matthews, 
Kropff, Horie, & Bachelet, 1997). Statistical models use historical data on crop yields and weather to 
calibrate a regression equation for a region, but these models may ignore the impact of variables related 
to management changes (Lobell & Burke, 2010). On the other hand, process-based models are 
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developed and tested using experimental trials and draw on knowledge of crop physiology, agronomy, 
and soil science to simulate crop growth and development (Lobell & Burke, 2010). Statistical analysis can 
be combined with process-based models to better represent the uncertainty in scaling up the model 
from representative sites (Iizumi, Yokozawa, & Nishimori, 2009). The use of any of these models requires 
comprehensive data of crop management and soil properties. Many models can be limited because of 
narrow historical weather data (Krishnan et al., 2007).  
2.2 Alternate Wetting and Drying in Rice  
 Bouman & Tuong (2000) conducted a review of AWD studies in Asia and found that yield 
reductions were 0-12% in AWD when the soil remained saturated and 10-40% if soils are allowed to dry 
even further (10-20 cm depth). They made the conclusion that the yield reductions were primarily 
affected by the severity and frequency of drought periods during the growing season. Less studies of 
AWD have been conducted in the United States where management practices differ and yields are 
usually higher than in Asian systems (Linquist et al., 2015). One study performed at the University of 
Arkansas Rice Research and Extension Center concluded that an AWD treatment where soils were 
allowed to dry to 40% volumetric water content before re-flooding had an average yield decline of 13% 
while the treatment where soils dried only to 60% water content before re-flooding had a similar yield 
to the control (Linquist et al., 2015). The impact of drought can be further more impactful in different 
maturity stages of rice.  Linquist et al. (2015) found that yields were similar to that of control where 
AWD was practiced until the reproductive maturity were reached, at which point flood was maintained. 
 Overall greenhouse gas emissions can be reduced in AWD systems because of a decrease in 
methane emissions, but nitrous oxide emissions generally increase (Linquist et al., 2018). This is because 
nitrogen additions are allowed to nitrify during the dry-down period and denitrify when the soils are re-
flooded.  However, nitrous oxide emissions can be lower in AWD systems compared to delayed flood 
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management when low levels of mineral N are in the soil during drying (LaHue, Chaney, Adviento-Borbe, 
& Linquist, 2016). The timing of nitrogen application and drying impact the levels of nitrous oxide 
emissions and both should be managed carefully in AWD systems (Linquist et al., 2018). 
AWD systems can be more successful on zero-grade fields (Runkle et al., 2019), which make up 
around 14% of Arkansas rice production systems (J Hardke, 2018). However, Bouman & Tuong (2000) 
said that drying in clayey soils could lead to cracking and increased water loss. Further study of the 
interactions between soil texture, field slope, and reproduction stage on yield in AWD systems are 
needed. 
2.3 The APEX Model 
The APEX model is a process-based model developed by Texas AgriLife Blackland Research and 
Extension Center in Temple, Texas. The model grew out of the Erosion Productivity Impact Calculator, 
now called the Erosion Policy Impact Climate (EPIC), which was developed to assess impacts of soil 
erosion on a large scale in the United States (Gassman et al., 2005). The APEX model has all of the 
capabilities of EPIC in addition to routing capabilities across complex landscapes (Williams, Arnold, 
Srinivasan, & Ramanarayanan, 1998). APEX was developed to simulate management and land use 
impacts on a smaller scale and is more suitable for use to model whole farms and small watersheds 
(Gassman et al., 2010). The ability to create subareas in the APEX model further allows more precise 
simulation because management, soil, and topographic data can be specified for smaller areas. APEX is 
able to predict surface runoff and transport of sediments, nutrients, and other pollutants as well as 
predict crop yields (Gassman et al., 2010). Both the EPIC and APEX models can be separated into 
components defined as weather, hydrology, erosion, nutrients, soil temperature, plant growth, plant 
environment control, tillage, and economic budgets (Williams, 1990). 
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Management changes modeled in APEX often include practices for manure management, tillage 
practices, and best management practices for runoff and pollutant evaluation (Gassman, Osei, Saleh, & 
Hauck, 2002). Wang et al. (2008) used the APEX model to simulate impacts of soil management practices 
in maize fields and found that the model’s predicted grain yield was within 5% of the measured grain 
yield (Arunrat & Pumijumnong, 2014) evaluated the use of the EPIC model to simulate flooded double-
cropped rice production in Thailand and found the model had a root mean squared error of 6.43% and 
3.22% for the first and second crop, respectively. Global rice simulation was performed and calibrated in 
EPIC using public source data with no significant difference in modeled and recorded yield data in 95% 
of the global rice producing area (Xiong et al., 2014) 
In their review of APEX and EPIC, Gassman et al. (2005) concluded that the models are most 
effective at simulating long-term impacts of cropping systems or management practices and are less 
accurate at replicating the inter-annual variability between crop yields and pollutant losses. Because of 
the short study period investigated in this paper, there may be difficulty in properly calibrating the 
model or using model results. Validating the model in this study is further complicated by the lack of 
previous work in using the APEX or EPIC model to simulate rice in southern US growing systems, where 
crop parameters may be significantly different. The APEX model was used instead of the EPIC model in 
this study because of its ability to route water between subareas. The objectives of this study were to 
simulate yield in Arkansas rice production under different irrigation management and capture the 
differences between irrigation methods. Additionally, this trial in using the APEX model to simulate rice 
production in Arkansas will serve as an initial calibration for the model in this region. 
3. Methods  
3.1 Site description and crop management  
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The study site consisted of two adjacent commercially farmed fields in Lonoke County, AR 
(34°35’ 7.84″ N, 91°45′ 6.02″ W), each with an area of 26 ha (Runkle et al., 2019) (Figure 1). These 
fields, called Way 3 (to the north) and Way 4 (to the south) have been leveled to zero-grade and were 
dry drill-seeded each year with CL XL745 hybrid seed. The two fields were managed identically year to 
year besides varied irrigation treatments, and management from year to year was similar each year in 
terms of pesticides and fungicides applied. There was a slight difference in fertilizer application year to 
year, as shown in the summary of management data in Table 1. The fields were under very low tillage 
conditions with one shallow disc harrow plow before the 2016 planting and 2018 planting (Moreno-
Garcia, 2019; Runkle et al., 2019). Each year after draining and harvesting, the standing rice straw was 
cut and then burned and the fields were flooded through the winter for fowl habitat and hunting 
(Moreno-Garcia, 2018).
 
Figure 1 Study Site and weather station (AR KEO) in Lonoke County, Arkansas generated in ArcGIS. Arkansas state and county 
boundaries from USGS National Map National Boundary Dataset. Satellite imagery from ArcGIS base map courtesy of 
DigitalGlobe. 
 






















2015 166.44 51.56 April 8 Aug 19 482.6 330.2 NT 
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2016 169.46 46.40 April 23 Sept 13 330.2 330.2 RT 
2017 171.49 51.56 April 10 Aug 27 482.6 482.6 NT 
2018 171.49 51.56 April 30 Aug 31 482.6 330.2 RT 
Note: DAP taken to be 18% Nitrogen, 46% Phosphorous (MPC, 2013), Urea taken to be 45% Nitrogen by 
weight. Bold and italicized irrigation represent alternate wetting and drying management. NT – no 
tillage, RT- reduced tillage (one pass). Irrigation data are the averages for the two irrigation systems in 
Arkansas (Henry et al., 2016), since the farmer did not have a flow-meter to record the real water 
applied. 
The delayed-flood water management system means that rice is dry-seeded and flooding begins 
after rice reaches the four- or five-leaf stage and water levels are maintained until drying down before 
harvest (Rogers et al., 2013). In the alternate wetting and drying (AWD) irrigation practice, irrigation 
begins around the same time, but the field is allowed to dry out at least twice in the season before 
water is reapplied. These drying events allow an interruption of anaerobic soil processes and contributes 
to a reduction of total methane emissions from rice production (Runkle et al., 2019). The first irrigation 
timing for these fields coincided with the first application of urea fertilizer (Moreno-Garcia, 2019). 
3.2 Crop Budget for APEX  
The management data for Way 3 and Way 4 were entered into WinAPEX for 2015-2018. The 
complete crop budget for 2017 as entered in APEX can be found in Table A1. Because the system is not 
rotated with any other crop, a new budget for ‘1 Annual Crop’ was created for each field (Figure 2). 
Flood Irrigation and No Till were chosen because they reflect the dominant management scheme. 
 
Figure 2 Creating a new crop budget in APEX 
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Management operations including planting, applying pesticide, applying fertilizer, irrigating, 
harvesting, puddling, and plowing were added by their specified dates, types, and rates. Additionally, a 
‘kill’ function was added at the end of each harvest cycle to signal and end of plant growth. For each 
operation, machinery used could be specified. Figure 3 shows an example of the crop budget editor in 
APEX. Management for year 1 through 4 were added to APEX to represent 2015-2018 and the start date 
was specified in the APEX control file. 
 
Figure 3 Crop Budget in WinAPEX 
Timing, rate, and chemical type applied were provided by the farmer for pesticide, fungicide, 
and fertilizer application. The APEX database includes many fertilizer and pesticide options and identifies 
them by their commercial name and active ingredient. When the pesticide type specified by the farmer 
was not available, another chemical with the same active ingredient was chosen. Fertilizer application 
rates can be specified by volume, weight, or weight of active ingredient per hectare. The seeding rate 
was found  from University of Arkansas extension resources that suggested rates for cultivar type 
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CLXL745, along with a 20% increase in seeding rate because of the clay soil (Jarrod Hardke et al., 2017; 
Jarrod Hardke & Stiles, 2019).  Plant density was calculated by multiplying the seeding rate by 90% to 
represent the typical expected germination rate for certified seed in Arkansas (Jarrod Hardke & Stiles, 
2019). Because management was similar from year to year, 2017 was chosen as a base year and the 
pesticide applications throughout the years were repeated to be reflect the same rates and dates as 
2017. The fertilizer application rates and dates provided were updated from the 2017 base year for the 
remaining years, and irrigation and drainage timing were calculated for each year because of the 
different growing season lengths. 
The total irrigation rates for the growing season were 19 ac-in/ac or 482.6 mm for delayed 
flooded fields and 13 ac-in/ac or 330.2 mm for AWD fields (Henry et al., 2016). Irrigation and drainage 
timing were estimated based on given urea application timing and harvest dates.  The first irrigation 
occurred concurrently with the first application of urea, and the final irrigation occurred one month 
prior to harvest (Moreno-Garcia, 2018). Field drainage was assumed to begin three weeks prior to 
harvest so that the field would be dry enough to support harvesting equipment. 
3.3 Weather Station File for APEX 
Precipitation, maximum temperature, and minimum temperature are minimum the daily 
climate inputs required for driving APEX (Gassman 2008). Climate data can be entered from recorded 
measurements, generated internally in the model, or provided in several different combinations of both 
measured and generated data (Gassman 2008). An existing APEX database may contain relevant 
weather station files, or a weather station file can be generated by using The Crop Weather Analyzer 
program (BREC, 2009). Daily weather data from January 1, 1960 to December 31, 2010 for the weather 
station (AR KEO, 34°60’ 3″ N, 91°99′ 3″ W, elevation = 70.4 m) (Figure 1) were included in the 
ARKANSAS database. Since there was no weather data after December 31, 2010, additional weather 
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data from January 1, 2011 to December 31, 2018 was gathered from the PRISM Climate data resource 
(NACSE, 2019) and added to the existing weather file.  
The PRISM weather data was added to the original weather station file using the Weather 
Import tool (BREC, 2009). The new weather data was converted into a text file following the format in 
other weather station files (Figure 4). The categories without data were left blank. Figure 5 shows how 
the text file is converted to a weather file, and Figure 6 shows how the weather file is added to an 
existing file. After this addition, the weather station AR KEO was able to be used for accurate data 
through 2018. 
 
Figure 4 Text file formatting for updating weather 
 
 




Figure 6 Adding new weather to existing weather station file 
Weather data was generated from PRISM Climate tool by using the coordinates of the field. The 
PRISM tool models the data using climatologically-aided interpolation, offering a 4 km spatial resolution. 
A dataset for daily precipitation and maximum and minimum temperature was generated that was 
closest to the experimental site.  
3.4 Watershed File in APEX 
The watershed file allowed creation of the two subareas representing the two fields and designating 
their different management budgets. Figure 7 shows the process of creating the subarea of the 
watershed file. Water applied to Way 3, designated as the extreme subarea, flows into Way 4 and then 
out. The Web Soil Survey Resource was used to identify the predominate soil (greater than 90%) as 
Perry Silty Clay and this soil series was an option in the APEX database (USGS, 2017). The fields were 
known to be 26 ha in area and the USGS National Map measure tool was used to find the approximate 
routing reach length (USGS, 2018; "USGS National Map," 2018). Because the fields had been leveled to 
zero-grade, the watershed slope in each subarea was the lowest accepted value of 0.001. The curve 
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number (CN) was updated according to the runoff curve number for contoured row crops in hydrologic 
soil group D with poor infiltration found for the Urban Hydrology for Small Watersheds Technical Report 
55 (Cronshey, 1986). Most other variables were left as default. 
 
Figure 7 Creating Watershed Subarea in APEX 
3.5 Control File in APEX 
Most of the default values in the control file were used (Figure 8). The beginning year (2007) 
and 12 years of simulation duration were updated to include the years of known management. The 
additional years before 2015-2018 were included to stabilize internal variations due to management (Le, 
Jeong, et al., 2018). The potential ET equation selected was Hargreaves because the climate inputs did 
not include wind speed, solar radiation, or relative humidity (Williams, Izaurralde, & Steglich, 2008) 




Figure 8 Updating control file in APEX 
3.6 Calibration of the APEX Model 
Before calibration was performed for yield, the simulation was run for a forty-year period under 
generated weather conditions to evaluate crop yield and stress levels. Stress levels and yield levels were 
low, so calibration began by increasing the harvest index (HI) and the biomass-energy ratio (WA) 
variables. The HI value refers to the grain fraction of total biomass, and WA represents the potential 
growth rate per unit of photosynthetically captured radiation (Steglich & Williams, 2008). Because 
altering crop parameters can greatly change crop growth and yield, limited adjustments were made for 
WA, HI, and Fraction of growing season when leaf area declines (DLAI) (Le, Jeong, et al., 2018). Following 
the pattern of Le, Jeong, et al. (2018), the HI value was altered ≤25% from the default value and DLAI 
altered ≤25%. The Plant Population curve points (PPL1 and PPL2) refer to the maximum percent of leaf 
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area that can be attained (right side of decimal) with a given plant density (left side of decimal). The 
decrease in these values from the default allows for a higher leaf area index.  
 Calibration was iterated to obtain simulated yields closer to the observed yields and a summary 
of the variables changed in the APEX model can be found in Table 2. 
Table 2 Variable Shifts for Calibration 
Variable Description Default Value Calibrated Value Percent change 
between default 
and calibrated 
WA Biomass-Energy Ratio 25 35 40% 
HI Harvest Index 0.50 0.56 12% 
DLAI Fraction of growing season 
when leaf area declines 
0.8 0.9 12.5% 
PPLP1 Plant Population for Crops & 
Grass – 1st point on curve 
125.6 20.5 -83.7% 
PPLP2 Plant Population for Crops & 
Grass – 2nd point on curve 
250.95 100.95 -59.8% 
 
 
4. Results  
Initial iterations were performed and evaluated by determining the percent error 
between average observed and simulated yields. The final calibration settings had the lowest 
percent error of the average among all iterations, 1.54%. The percent bias was also calculated 
as suggested by (Moriasi, Gitau, Pai, & Daggupati, 2015) for evaluating performance of 
hydrologic models, specifically when interested in the average magnitude of the output 
variable. Percent bias, PBIAS was calculated as 
𝑃𝐵𝐼𝐴𝑆 =  







Where 𝑂𝑖 represents observed yields and 𝑃𝑖  represents predicted yields. The percent bias was 
found to be 1.54%. 
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 Table 3 displays the observed and simulated yields across the study years, along with 
the APEX-reported number of stress days for each field-year. The observed yield had a potential 
error of around ± 1 ton because of spatial variabilities in the fields. The number of stress days 
reflects when the plant had less than the required levels of water or nitrogen or higher than 
needed temperature (Williams et al., 2008). Stress days in turn impact the yield potential of 
crops in the internal crop model in APEX (Williams et al., 2008). The average observed yield for 
2015-2018 was 8.60 t/ha and the average simulated yield was 8.46 t/ha. Simulated yields were 
not consistently higher or lower than observed yields. 
Table 3 Yield and stress results from APEX simulation 













2015 Way 3 8.09 7.70 19.2 2.5 8.5 
Way 4 8.44 7.70 14.8 3.8 7.6 
2016 Way 3 9.57 8.30 0.0 15.6 7.0 
Way 4 9.57 8.20 0.0 7.4 7.0 
2017 Way 3 8.53 8.90 0.0 26.2 4.6 
Way 4 9.22 8.90 0.0 15.3 4.6 
2018 Way 3 6.92 9.00 1.0 5.5 5.6 
Way 4 8.42 9.00 0.0 1.0 5.6 
Average  8.60 8.46    
Note: Bold and italicized field names represent alternate wetting and drying treatments for that year 
and field. Yields for 2015 -2017 from Runkle et al., (2019) and 2018 yields from personal communication 
(Moreno-Garcia, 2019). 
 
The relationship between simulated and observed yields was evaluated by finding an 𝑅2 
relationship (Figure 9) and by finding the index of agreement following the method described 
by Moriasi et al. (2015). The index of agreement was found because it can detect additive and 




Figure 9 Observed versus simulated yields for each field-year 
  
 
The index of agreement, D, was calculated as  
𝐷 =  1 −
∑ (𝑂𝑖 − 𝑃𝑖)
2𝑛
𝑖=1
∑ (|𝑃𝑖 − ?̅?|
𝑛
𝑖=1 + |𝑂𝑖 − ?̅?|)
2
 
Where ?̅? represents average observed yield. The index of agreement was found to be 0.26 and 
indicates that there is not high agreement between the individual data points for observed and 
simulated yields.  
 The relationships between simulated yield number of stress days experienced during 
the season due to water, nitrogen, and temperature were also evaluated with linear regression 
(Figure 10). The 𝑅2 was 0.67 for water stress days, 0.13 for nitrogen stress days, and 0.86 for 
temperature stress days. 
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Figure 10 (a) Correlation of nitrogen stress days and simulated yield (b) Correlation of temperature stress days and simulated 
yield (c) Correlation of water stress days and simulated yield 
 
5. Discussion and Future Opportunities  
Our low percent bias of 1.54% was much lower than the 25% defined by Moriasi et al. (2015) as the 
satisfactory calibration criteria for evaluating crop yields in the EPIC/APEX model. This suggests that the 
model is able to provide an accurate yield estimate. Williams et al. (1989) had 5% difference between 
measured and simulated yields for rice in EPIC, but much higher number of measurements (n=33). The 
higher number of observations allowed them to reach a higher 𝑅2 value of 0.41, which still did not 
meet the satisfactory calibration criteria outlined by Moriasi et al. (2015) of 𝑅2 > 0.60. In simulating rice 
in EPIC, the percent bias in Le et al. (2018) for rice was 9%, with an 𝑅2 of 0.82. 
The Le et al. (2018) EPIC model calibration overestimated rice yield while Williams et al. (1989) 
underestimated rice yield. In this study the rice yield was overestimated 5 times and underestimated 3 
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times by the model. This contributes to the low 𝑅2and index of agreement and shows that there is no 
trend in predicted values. A higher number of observations would have allowed for a more realistic 
opportunity to calibrate and validate the model. 
The trend in the observed data had higher yields for AWD management in years with both AWD and 
delayed flood management (2015 and 2018) and in years of only AWD management compared to years 
of only delayed flood management (2016 and 2017). Because there were such a small number of 
experimental years and other factors like weed pressure could contribute to yield differences (Runkle et 
al., 2019), there was no conclusion of AWD having significantly higher yields. The calibration results 
reflected this showed that APEX did not pick up on the difference in treatment in AWD and delayed 
flood irrigation management. The results show that APEX cannot accurately predict the effects of AWD 
management using just an estimate of irrigation timing. However, there is a correlation between APEX-
reported highest water stress days and lowest yield between the four study years (𝑅2=0.67), so there is 
some promise that the model could be helpful in determining impacts of AWD in the future.  
The crop growth model within APEX is constructed the same for all crops with different parameter 
values for each crop. The crop maturity is calculated by determining the fraction of acquired heat units 
over heat units needed to reach maturity (Williams et al., 2008). Water stress affects harvest index when 
maturity is between 0.3 and 0.9, with the greatest effect at 0.6. This consideration reflects the 
significance Linquist et al. (2015) found in the timing of drought stress in relation to rice development 
under AWD management.  So the APEX model does have some capability to determine relative water 
stress impact in consideration of plant maturity.  
For a more accurate simulation of the impact of AWD on crop yield it would be helpful to know the 
exact irrigation timing and rates. The method for estimating irrigation application was to evenly space 
application throughout the season which may not have been the most accurate representation of an 
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AWD management system, which typically has more prolonged dry-down periods. If more precise 
irrigation management is known, the APEX.out file for the ‘daily watershed outlet’ can be used to 
determine which days water stress occurs. Additionally, if further evaluation of AWD management with 
APEX are performed in Arkansas, it would be important to investigate the impacts of different soil 
textures or crop rotations on predicted yields. The practices and soil types of the simulated field are not 
the most mainstream in Arkansas rice production. The soil texture is clay, which represents only 21% of 
soils used for Arkansas rice, and the system is rice-only, which represents only 22% of management 
types in Arkansas (Hardke, 2015). The possibilities of AWD should be explored more in different 
Arkansas production systems, and models like APEX may be able to assist in evaluating these systems, 
but only if more thorough data can be evaluated and a wider range of scenarios studied. 
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